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Summary 
 
Background: Knowledge of relevant statistical features such as probability distributions 
of energies (E) and inter-seizure intervals (ISI) of clinical and subclinical seizures is 
lacking in epileptology. This work endeavors to gain insight into the dynamics of Sz and 
their interactions by adopting a “systems” (non-reductionist) approach to their study, 
using powerful mathematical tools. 
 
Methods: Probability density functions and the probability of Sz occurrence conditional 
upon the time elapsed from the previous Sz were estimated using the energy and intervals 
of SZ in prolonged recordings from subjects with localization- related pharmaco-resistant 
epilepsy, undergoing surgical evaluation.  
 
Findings:  Clinical and subclinical seizure E and ISI distributions are governed by power 
laws in subjects on reduced doses of anti-seizure drugs.  There is increased probability of 
Sz occurrence 30 minutes before and after a seizure and the time to next seizure increases 
with the duration of the seizure-free interval since the last one. Also, over short time 
scales, “seizures may beget seizures”.  
 
Interpretation: The cumulative empirical evidence is compatible with and suggests that at 
least over short time scales, seizures have the inherent capacity of triggering other 
seizures.  This may explain the tendency of seizures to cluster and evolve into status 
epilepticus. Power law distributions of E and ISI indicate these features lack a typical 
size/duration and may not be accurate criteria or sufficient for classifying paroxysmal 
activity as ictal or interictal. This dependency and the existence of power law 
distributions raise the possibility that Sz occurrence and intensity may be predictable, 
without specifying the likelihood of success.     
 
Key words: seizure energy; inter-seizure interval; intractable;  probability density 
function; conditional probability;  power law; seizure dependency; epilepsy dynamics    
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Introduction 
 
The temporal behavior and other dynamical aspects of human epilepsy such as seizure 
duration and intensity (severity) is an underdeveloped area in epileptology. This is largely 
due to lack of complete and accurate data as seizure diaries, the current “gold standard”, 
do not satisfy either of these conditions (refs). In the absence of dynamical knowledge of 
epilepsy at a large/macroscopic scale, characterization of its pathophysiology will remain 
incomplete. The seminal concept put forth by Hughlings Jackson in the 19th century is 
that seizures are the result of an imbalance between excitation and inhibition, laid the 
foundations for the study of the cellular mechanisms of ictiogenesis that are likely to 
continue at ever smaller temporo-spatial scales for the foreseeable future. This approach 
has yielded valuable insights, but cannot in isolation, provide the knowledge necessary to 
further advance epileptology since it focuses only on the cardinal manifestation (seizures) 
while ignoring the disorder (epilepsy). Fundamental questions such as: “What are the 
probability distributions of times of seizure occurrences and of energies?” and, Are 
seizures independent of each other?” or, “Do seizures have the inherent capacity to 
trigger seizures?” remain unanswered, more than 100 years after Gowers made the 
clinical observation that “seizures beget seizures”.  The dearth of knowledge of epilepsy 
dynamics may account in part for the fact that despite attempts spanning nearly two 
decades, worthwhile prediction of seizures remains elusive (1-7). Review of the various 
approaches to prediction reveals that all share in common a reductionist approach. That 
is, all attempts at forecasting the time of seizure occurrences have been based solely on 
contemporaneous changes in electrical signals recorded at or near the site of presumed 
ictiogenesis, thus ignoring potentially relevant temporal (the “history”) and spatial 
(global/systems) information.  
 
This work endeavors to gain insight into the dynamics (8) of localization-related 
pharmaco-resistant epilepsies by adopting a “systems” approach to its study and by using 
simple but powerful mathematical tools that have proven useful in fields that investigate 
the behavior of complex systems.   
 
Methods 
 
Three tools were used to investigate the dynamics of human intractable epilepsy: 1. 
Probability density or distribution functions (PDFs) of seizure energy (E) and of inter-
seizure intervals, (ISI); 2. Superposition (“stacking”) analysis and, 3. Empirical 
estimation of the probability of seizure occurrence conditioned upon the time elapsed 
from the previous seizure.  
 
A probability density function (pdf) is a function from which the probability distribution 
for a random variable to take values in a given interval can be obtained by integration of 
the pdf over this interval. Loosely, a probability density function can be seen as a 
"smoothed out" version of a histogram. The PDF has an associated statistical measure 
that can provide constraints and guidelines to identify the underlying mechanisms of the 
behavior of complex systems such as the brain.  
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Conditional probability is the probability of some event A, given the occurrence of some 
other event B. Conditional probability is written P(A|B), and is read "the probability of A, 
given B". 
 
Superposition analysis orderly “stacks” a variable using a “marker” to ensure alignment. 
In this analysis, seizures are the variables and their onset and termination times are the 
“markers” that allow precise their precise alignment.  
 
With approval from the Human Subjects Committee and from each subject (signed 
consent form), quantitative analyses were performed on 16032 automated seizure 
detections (Sz) in prolonged (several days’ duration) intracranial recordings from 60 
human subjects with mesial temporal and frontal lobe pharmaco-resistant epilepsies on 
reduced doses of medications, undergoing evaluation for epilepsy surgery at the 
University of Kansas Medical Center (1996-2000). The vast majority of these seizures 
lacked behavioral manifestations and were classified as subclinical. Using a validated 
detection algorithm (9,10) Sz onset and end times, duration, intensity and site of origin 
were obtained. Szs were defined in humans as the dimensionless ratio of brain seizure to 
non-seizure electrical activity in a particular weighted frequency band reaching a 
threshold value, T, of at least 22 and remaining at or above it for at least 0.84 s (duration 
constraint, D) as previously described elsewhere. Two key variables were derived from 
these data: (1) “Energy” (E), defined as the product of each Sz’s peak intensity ratio and 
its duration (in seconds) and (2) Inter-Sz event-interval (ISI), defined as the time (in 
seconds) elapsed between the onset of consecutive Szs. The reason for considering E and 
ISI lies in the fact that to optimize usefulness, Sz forecasts should include not only time 
of occurrence, but also their intensity, so that interventions, especially warning, may 
depend on whether the upcoming seizure is likely to be clinical or subclinical; warning 
for subclinical seizures may be optional so as to minimize anticipatory anxiety.  
 
To characterize the statistical distribution of energy (E) and inter-seizure interval (ISI) of 
clinical and subclinical seizures, pooled values (all subjects) of E and ISI were used to 
construct doubly logarithmic plots. For this, the number of Szs of a given E and the 
number of ISI of a given duration D, were used to construct histograms whose bins were 
geometrically spaced (powers of 2) and made to span the entire range of the data.  The 
number of seizures in each bin was then normalized by the bin’s width and plotted on 
log-log scale. 
 
Additionally, the temporal evolution of the probability of being in seizure as a function of 
time before the onset and following the termination of a given seizure, was investigated 
as follows: 1. The state of being in seizure was assigned a value of 1 and of being in the 
interictal state (non-seizure) a value of 0; 2. Using superimposed epoch analysis, the 
seizure onsets were “timelocked” to all other onsets and the ends of seizures to all other 
ends; 3. The state values, overlayed in this manner, were then averaged to compute the 
empirical probability, P(t), of being in seizure at a relative time, t, in reference to the 
onset and termination of another seizure; 4. The resulting probability curves for each 
subject were then normalized by the subject’s total fraction of time spent in seizure and 
averaged across all subjects.  
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Results 
 
Seizure Energy Distribution 
 
The probability of a Sz having energy, E, larger than x is proportional to x-β, where β≈2/3 
(Fig.1). This pdf differs from a Gaussian or normal pdf in its skeweness (to the right) that 
appears as a “heavy” or “fat” tail, reflecting the presence of very large (“extreme”) events 
that occur with non-negligible probability. These “extreme” events lie many more 
“standard deviations” away from the “mean” than predicted by a Gaussian pdf. These 
properties are also reflected in the fact that unbounded power law distributions with 
β≈2/3 have infinite mean and variance. 
 
Temporal Distribution of Seizures  
 
In humans with pharmacoresistant epilepsies undergoing invasive monitoring, there is 
increased probability of Sz occurrence in the window beginning 30 minutes before a Sz 
and ending 30 minutes afterward (Fig. 2).  That is, seizures in these subjects and under 
the conditions they were studied had a tendency to form clusters.  
 
Distribution of inter-seizure intervals  
 
The pdf estimates for inter-seizure intervals (ISI), defined as the time elapsed from the 
onset of one seizure to the onset of the next, were also calculated using histogram-based 
estimation methods.  The pdf of ISI (Fig, 3) approximately follows a power-law 
distribution with β≈0.5. This distribution encompasses very short and long interseizure 
intervals, consistent with seizures clustering and prolonged seizure-free intervals in this 
population .  
 
Paradox of conditional expected waiting time to next seizure 
 
The prediction, derived from the heavy tail structure of the waiting time distributions 
between successive events (Fig. 3), which paradoxically implies that for such heavy-
tailed distributions, “the longer it has been since the last event, the longer the expected 
time till the next’, (11) was tested. The results confirmed that for seizures as for 
earthquakes (11), the dependence of the average conditional additional waiting time until 
the next event, denoted <τ|t>, is directly proportional to the time t already elapsed since 
the last event (Fig. 4).  For Szs, for short times t since the last event, < τ|t> is smaller than 
the average (unconditional) waiting time < τ > between two events, and then increases 
until it becomes significantly larger than < τ > as t increases. This means that the longer 
the time since the last seizure, the longer it is expected to be until the next one. 
 
Discussion 
 
The temporal dynamics of seizures originating from discrete brain regions in subjects 
with pharmaco-resistant epilepsies on reduced doses of antiseziure medications may be 
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partly described by laws, more specifically, by power laws that bear striking similarity to 
those governing seismic activity (12). The existence of a power law for E (the product of 
seizure intensity and duration) indicates that if E is the energy released during a seizure, 
the probability of occurrence of a seizure of intensity x or larger is proportional to x-β , 
being much larger for mild than for severe seizures; the same pdf and interpretation 
applies to ISIs. Power laws, which are ubiquitous in nature, are endowed with the 
property of “self-similarity” or “scale-invariance”. This means that the shape of the 
distributions of physical quantities such as E and ISI does not change with changes in the 
scale of observation. Consequently, there is no typical Sz energy or ISI, but a 
“continuum” of E (sizes) and waiting times between events (ISI). The clinical implication 
of this scale invariance in this case, is that intensity or duration may not be fundamental 
or defining seizure properties. That is, and contrary to the universally sanctioned practice 
in basic and clinical epileptology, intensity and/or duration may not be accurate criteria to 
classify certain neuronal activity as either seizure or interictal (non-seizure). At a more 
abstract level, scale invariance in seizures may be conceptualized as the hallmark of 
certain complex systems (the brain in this case) in which, at or near a “critical” 
point/threshold (for ictiogenesis), its component elements are correlated over all existing 
spatial scales (neuron, minicolum, column, macrocolum, etc.) and temporal scales 
(microsecond, millisecond, second, etc). The characteristic of scale invariance is for 
example, also shared by cancer in which coupled mechanisms interact across multiple 
spatial and temporal scales: from the gene to the cell to the whole organism, from 
nanoseconds to years (13,14). Seizures’ proclivity to entrain or “kindle” other brain 
regions may partly reflect the existence of multi-scale spatio-temporal correlations.   
 
The value, β≈2/3, of the exponent of the power law of seizure energy, E, is indicative of a 
heavy-tail/extreme event distribution as opposed to a normal (Gaussian) distribution, and 
has interesting statistical and clinical implications: the mean and variance of distribution 
of E, are not definable, as their values are infinity for unbounded distributions in the ideal 
mathematical limit of infinite systems. In practice, for finite systems such as the brain, 
this means that the empirical determinations of the mean and of the variance of the 
distribution of E do not converge as they remain random variables sensitive to the 
specific realization of the data and in particular to the largest measured value. This is in 
stark contrast to the good convergence properties of the mean and variance in normally 
distributed random variables. This characteristic exponent, (β≈2/3), and more precisely 
the heavy tail, explains at a mathematical-conceptual level, the brain’s tendency and 
capacity to support status epilepticus (SE), a form of extreme seizure. The other “path” to 
SE is through very short ISIs, which abound in the corresponding power law distribution 
(Fig. 3). Simply put, SE occurs when the brain’s ictal activity “visits” the far right of the 
E distribution or the far-left region of the ISI power law distribution.  
 
The structural and functional substrate to support the scale-free behavior observed in 
these seizure time series is in place: 1. The brain is an assembly of coupled, mainly 
nonlinear oscillators (neurons) with labile and unstable dynamics (15) and the length, 
density/clustering and patterns of neuronal interconnectivity have fractal or self-similar 
properties, that are repeated across a vast hierarchy of spatial scales (16-19); 2. Human 
magnetoencephalographic data obtained during rest and tasks revealed that large-scale 
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functional neuronal networks that generate delta, theta, alpha, beta, and gamma frequency 
rhythms have attributes that are preserved across these frequency bands and that flexibly 
adapt to task demands. The most remarkable characteristic of these networks is their 
relative invariance of the network topology across all physiologically relevant frequency 
bands, forming a self-similar or fractal architecture (20). Dynamical analysis showed that 
these networks were located close to the threshold of order/disorder transition in all 
frequency bands and that behavioral state did not strongly influence global topology or 
synchronizability. Similarly, human EEGs showed scale-free dynamics and self-similar 
properties during eyes-closed and eyes-open, no-task conditions, but the scaling exponent 
differed significantly for different frequency bands and conditions (21).  Those studies 
and this one suggest that scale-free behavior in the human brain may be insensitive to 
state (physiological vs. pathological such as in seizures), but its scaling factor may be 
sensitive to the prevailing conditions.  For example, the slope of the pdf of size of 
spontaneous neuronal “avalanches” recorded ‘in-vitro” changes from -3/2, to -2, in 
response to excitation with picrotoxin a GABAA-receptor antagonist (22), but conserves 
its power law behavior.  While power laws are often generated in systems with Euclidian 
geometry, the fractal geometry (16-19) of the brain likely illustrates a remarkable 
coupling between structure and processes, suggesting neural self-organization that 
generates both power laws statistics and dynamics as well as the fractal geometry of the 
brain.  It is hypothesized that this fractal geometry and the emergent dynamics are 
intrinsically coupled as for seismogenic faults and earthquakes, implying that a successful 
prediction scheme for Sz requires understanding (as for earthquakes) of the interplay 
between dynamics at the time scale of sequences of Sz and of the structural elements of 
the brain. 
 
The increased probability of pharmaco-resistant seizures to occur in clusters (Fig. 2), and 
the decreased probability of seizure occurrence with increasing time from the last one 
(Fig. 4), may be interpreted as: a) reflective of the inherent capacity of seizures to trigger 
seizures, thus supporting [at least over short time scales (minutes)] the concept put forth 
in the 19th century by Gowers (23) that “seizures beget seizures” and advanced by 
Morrell (24) in the second half of last century; b) indicative of some form of seizure 
interdependency or plasticity (“memory”) in the system, as recently shown (25), and c) a 
harbinger of predictability, alluding to the possibility that seizures may be predictable, 
but without specifying the probability or ease of success. That seizures may be 
predictable is in itself a valuable finding for which no factual support had been sought, as 
those working in this field presumed predictability a priori. While at this juncture, seizure 
“predictability” cannot be generalized to out-of-hospital conditions and fully/properly 
medicated subjects, these findings, justify and foster, not only renewed efforts in the field 
of prediction, but also different approaches from those (6) applied to date.  In particular, 
and at a minimum, the monitoring of observables should be expanded from the local 
(epileptogenic zone) to the global/systems scale and encompass both clinical and 
subclinical seizures, including their severity and the system’s history.  Prolonged ECoG 
recordings, from humans with pharmaco-resistant epilepsy contain frequent, low intensity 
short duration seizures that go unperceived by patients and observers (“subclinical”) and 
have been consistently ignored for seizure forecasting purposes (25); these “subclinical” 
seizures should be included along with clinical seizures in prediction models (31).   
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Taken in their totality, these findings and the proposed systems (“non-reductionist”) 
approach seem not only fruitful as evidenced by the uncovering of “laws” governing the 
temporal behavior of seizures and their energy distribution, but may also serve as the 
bases for expanding the inquiry into the dynamics of pharmaco-resistant epilepsy. This 
research direction may provide much needed impetus for the development of new or the 
refinement of existing theories and tools for the eventual control or prevention of 
epilepsy and mitigation of its negative psycho-social impact 
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Figure 1. The probability density of pooled (all subjects) seizure energy E, (E = peak 
intensity x duration) approximately follows a power law with slope ≈ -2/3.   x-axis: 
seizure energy, E (logarithmic scale); y-axis: Number of seizures (logarithmic scale) with 
energy E.    
 
Figure 2.  Empirical probability (0-1; y-axis) of being in seizure as a function of time 
elapsed (x-axis) before onset and after termination of a seizure. The curve to the left of 
the vertical dashed line (at time zero) depicts the probability before onset and the one to 
the right of this line, the probability after seizure termination. The empirical probability 
of being in seizure increases approximately 1200s before onset and returns to baseline 
1200s after termination of a given seizure. This behavior is indicative of a strong 
clustering tendency. 
 
Figure 3.  The probability density of pooled (all subjects) inter-seizure interval (ISI) 
approximately follows a power law with slope ≈ -1/2.   x-axis: Inter-seizure interval 
(logarithmic scale); y-axis: Number of inter-seizure intervals (logarithmic scale) with 
length L. 
 
Figure 4. The expected time to next seizure (y-axis) increases  as a function of time 
elapsed since last (previous) seizure (x-axis). That is, the longer since last seizures the 
longer until the next seizure or viceversa. 
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